The trends in hydrological and climatic time series data of Urmia Lake basin in Iran were examined using the four different versions of the Mann-Kendall (MK) approach: (i) the original MK test; (ii) the MK test considering the effect of lag-1 autocorrelation; (iii) the MK test considering the effect of all autocorrelation or sample size; and (iv) the MK test considering the Hurst coefficient. Identification of hydrological and climatic data trends was carried out at monthly and annual time scales for 25 temperature, 35 precipitation and 35 streamflow gauging stations selected from the Urmia Lake basin. Mann-Kendall and Pearson tests were also applied to explore the relationships between temperature, precipitation and streamflow trends. The results show statistically significant upward and downward trends in the annual and monthly hydrological and climatic variables. The upward trends in temperature, unlike streamflow, are much more pronounced than the downward trends, but for precipitation the behaviour of trend is different on monthly and annual time scales. Furthermore, the trend results were affected by the different approaches. Specifically, the number of stations showing trends in hydrological and climatic variables decreased significantly (up to 50%) when the fourth test was considered instead of the first and the absolute value of the Z statistic for most of the time series was reduced. The results of correlations between streamflow and climatic variables showed that the streamflow in Urmia Lake basin is more sensitive to changes in temperature than those of precipitation. The observed decreases in streamflow and increases in temperature in the Urmia Lake basin in recent decades may thus have serious implications for water resources management under the warming climate with the expected population growth and increased freshwater consumption in this region.
Introduction
Urmia Lake basin (ULB) is located in the northwest of Iran and Lake Urmia is one of the largest permanent hypersaline lakes in the world (Zarghami 2011 , Hassanzadeh et al. 2012 . Lake Urmia provides a very important habitat for different species of migrating birds and brine shrimp (Scott 2001) , and the ULB is an important agricultural region. According to the reports of the Iranian Ministry of Energy (2010), agricultural lands have considerably increased over the past three decades. Furthermore, a decreasing trend in Lake Urmia level during the last 15 years has been a worrisome and problematic issue that has had negative impacts on agriculture, as well as posing a serious threat to population, environment, economy and industry. This phenomenon is caused by several factors and this study examines the likely causes by investigating trends in the hydroclimatic variables of the basin that directly affect water resources, agriculture, hydrology and ecosystems (Eimanifar and Mohebbi 2007 , Bostan and Akyürek 2007 , Golabian 2011 , Hassanzadeh et al. 2012 .
Information on trends is important to highlight the spatial and temporal changes of hydroclimatic variables and to gain knowledge about the status of development and sustainable management of water resources in the future, as well as to plan for stabilizing environmental conditions. Thus, a trend analysis of streamflows to the lake, and of temperature and precipitation, as two of the most effective meteorological drivers in the rainfall-runoff processes, is a first step (Dinpashoh et al. 2014 , Fathian et al. 2014 . Several researchers have carried out hydroclimatic trend analysis in different regions (e.g. Kahya and Kalaycı 2004 , Partal and Kahya 2006 , Kumar et al. 2009 , Bandyopadhyay et al. 2009 , Zhao et al. 2010 , Fan and Wang 2011 . Most studies applied nonparametric tests for trend analysis because these tests are distribution-free and can tolerate outliers of the data (Hess et al. 2001) . One of the widely-used nonparametric tests for identification of trends in hydroclimatic time series is the original Mann-Kendall (MK) test (Mann 1945 , Kendall 1975 , hereafter referred to as MK1, which assumes the data are independent and randomly ordered, i.e. there is no serial correlation structure among the observations (Bandyopadhyay et al. 2009 , Zhao et al. 2010 . In certain situations the observed data are autocorrelated, which leads to a disproportionate rejection of the null hypothesis of no trend, whereas the null hypothesis is actually true. Therefore, the influence of serial correlation must be removed, by methods such as trend-free pre-whitening (TFPW) and the effective sample size (ESS) approach, as described by Yue et al. (2002) and Yue and Wang (2004) , respectively. In the case of the TFPW approach, there is a significant lag-1 autocorrelation among observations. This is the second approach used herein, hereafter referred to as MK2. The ESS approach, a well-known modification procedure, is referred to herein as MK3.
One factor that would influence the determination of trends is the existence of long-term persistence (LTP) in hydroclimatic time series. Generally, if there is a significant correlation at long lags then a process is considered to exhibit LTP. This LTP can be estimated by a coefficient known as the Hurst coefficient (H) (Hurst 1951) , and the strength of LTP can be exhibited in the time series when 0.5 < H < 1, while a random process has H = 0.5 (Karagiannis et al. 2004) . By applying the LTP approach using the Hurst coefficient in trend analyses, the significance of trends can reduce considerably (Koutsoyiannis 2003 , Hamed 2008 . Various methods can be used to determine H (Githui 2009), and Hamed (2008) proposed a method for trend analysis based on the Hurst phenomenon, referred to herein as MK4.
Several studies have recently been carried out for trend analysis of climatic variables, such as temperature, precipitation and evapotranspiration, in Iran (Ghahraman and Taghvaeian 2008 , Masih et al. 2011 , Jalili et al. 2012 , Shadmani et al. 2012 , Dinpashoh et al. 2011 , 2014 . However, no study has been exclusively conducted on trend analysis of temperature, precipitation and streamflow time series simultaneously in Iran, especially in the ULB. The aims of this paper are: (a) to identify temporal (monthly and annual) and spatial trends of temperature, precipitation and streamflow time series of the ULB using the MK1, MK2, MK3 and MK4 tests; (b) to compare the results obtained through the four versions of the MK test; (c) to explore the relationship between temperature, precipitation and streamflow trends by applying the MK and Pearson tests; and (d) to display the spatial distribution of the Hurst exponent for each of the variables in the ULB.
Study area and data
The study area encompasses the entire region of the ULB, located in northwestern Iran (approximately between longitudes 44°14'E-47°53'E and latitudes 35°40'N-38°20'N), with an area of about 51 800 km 2 (Fig. 1 ). There are many large and small rivers in this basin of between 20 and 60 km length, of which the most important are ZarrinehRoud, SiminehRoud and Aji Chai. There are numerous hydrometeorological stations in the basin; since some of these stations had short record lengths, not all of them were used in this study. The selected stations are shown in Fig. 1 and comprise 35 raingauge stations, 35 streamgauge stations and 25 temperature gauge stations. It should be noted that the positions of the streamgauge and raingauge stations are the same. Details of these stations are given in Table 1 .
The monthly and annual hydroclimatic data were compiled from Iran Ministry of Energy and Iran Meteorological Organization. The gauging stations selected for analysis were based on a large record of data (>30 years) for validity of the time series and trend analysis results, and continuity of their records, as evenly distributed throughout the basin as possible (Githui 2009 
Methodology

Techniques in trend analysis
In this study, the trends of annual and monthly temperature, precipitation and streamflow were analysed using four versions of the nonparametric MK test. As mentioned in Section 1, the MK test requires the data to be serially independent (null hypothesis). However, in many real-world situations observed data are auto-correlated, which may result in misinterpretation of trend test results. Yue and Wang (2004) demonstrated that removal of positive autocorrelation from time series by TFPW removed a portion of the trend and hence reduced the possibility of rejecting the null hypothesis while it might be false. In contrast, removal of negative autocorrelation by TFPW inflated the trend and led to an increase in the possibility of rejecting the null hypothesis while it might be true (Zhang et al. 2004) . To solve this problem, Yue and Wang (2004) demonstrated the ESS approach; when no trend exists within time series, ESS can effectively limit the effect of serial correlation on the MK test. Apart from short-term persistence (lag-1 autocorrelation), the presence of LTP has been identified as a major source of uncertainty in analysing hydroclimatic data series. Presence of LTP behaviour in a data series leads to underestimation of serial correlation in the data structure, and overestimation of the significance of the MK test (Koutsoyiannis 2003, Koutsoyiannis and Montanari 2007) . In order to incorporate LTP behaviour in the MK test, the technique proposed by Hamed (2008) was applied. A brief description of the tests is presented below.
The original MK test (MK1)
The original MK trend test is first conducted by computing an S statistic as:
where n is the number of observations, x j is the jth observation, and sgn(.) is the sign function, calculated as:
Under the null hypothesis that the data are independent and identically distributed, the mean and variances of the S statistic (equation (1)) are given, respectively, by (Kendall 1975 ):
where m is the number of groups of tied ranks, each with t i tied observations. Then the original MK Z is given by:
Positive values of Z indicate increasing trends in the time series, and negative values -decreasing trends. When |Z| > Z 1-α/2 , the null hypothesis is rejected and a significant trend is said to exist in the time series at the significance level of α. The term Z 1-α/2 is the critical value of Z from the standard normal table (at α = 0.05, Z 1-α/2 = 1.96).
The MK test considering TFPW (MK2)
The TFPW approach presented here involves the following steps (Yue et al. 2002) :
(a) The lag-1 autocorrelation coefficient (r 1 ) is computed as proposed by Kumar et al. (2009) , then its significant value checked at the 10% significance level. If the calculated r 1 exceeds the upper and lower limits, then the TFPW approach is required before applying the MK test.
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Caspian Sea Figure 1 . Locations of the main rivers and selected hydroclimatic stations in the ULB. (b) The slope of n pairs of data is estimated using the TheilSen estimator (Theil 1950 , Sen 1968 , which is given by:
(c) The new time series (detrended series) is obtained as:
(d) The r 1 value of the detrended series is computed to get a residual series given by:
(e) The value of β*i is added again to the residual data set as:
(f) The y i series is applied for trend analysis.
The MK test considering ESS (MK3)
The modified MK test with ESS approach, as suggested by Yue and Wang (2004) , is obtained by:
where n* is the effective sample size, calculated as given by Matalas and Langbein (1962) , and ρ 1 is the lag-1 autocorrelation coefficient, as given by Salas (1980) , computed for the detrended series. To compute Z, var(S) in equation (4) is replaced by var(S)*.
The MK test considering LTP (MK4)
This method is carried out according to Hamed (2008) , and involves all the steps as proposed by Kumar et al. (2009) . First, the Hurst exponent is calculated according to:
(a) The time series x i is detrended using equation (5) and the detrended series is obtained as described in equation (6). (b) The equivalent normal variates of rank of the detrended series are obtained as follows:
where R i is the rank of the detrended series x', n is the length of the time series, and ϕ −1 () is the inverse standard normal distribution function. (c) The correlation matrix for a given Hurst coefficient is given by:
where ρ l is the autocorrelation function of lag l for a given H, and is independent of the time scale of aggregation for the time series (Koutsoyiannis 2003) . (d) The value of H is obtained by maximizing the log-likelihood function of H, as given by:
where |C n (H)| is the determination of correlation matrix [C n (H)], Z T is the transpose vector of equivalent normal variates Z (equation (11)
−1 is the inverse matrix, and γ 0 is the variance of Z i .
Then, if H is found to be significant, as proposed by Hamed (2008) , the variance of S is calculated using:
where ρ l is calculated from equation (13) for given H. To calculate an unbiased estimate var(S) H , the value obtained in equation (15) is multiplied by a bias correction factor B, given by Hamed (2008) , then the value of Z is computed using var(S) H instead of var(S) in equation (4).
Results
Temporal trends of hydroclimatic variables in the ULB
The trend analysis of hydroclimatic data was carried out by applying the MK test on annual and monthly time scales using the four approaches mentioned in Section 3. Table 2 . Drastic negative significant trends (reduction of inflows) were estimated for these stations and comparison of the results shows that the total number of stations having negative significant streamflow trends is 17 for MK1, 16 for MK2, and three for MK3. It should be noted that the results of the application of the MK approaches do not show significant trend for annual temperature, precipitation and streamflow when the LTP approach (MK4) is considered in the trend analysis. Furthermore, the average Z value of all temperature, precipitation and streamflow gauging stations for all months as well as annually are shown in Table 3 . It is seen that the average Z value of the MK4 test is significantly reduced (50% or more) for most of months in all three hydroclimatic variables when LTP is incorporated in the test. At the monthly time scale, the average Table 2 . Mann-Kendall Z value for temperature, precipitation and streamflow variables using MK1/MK2/MK3/MK4. The Z value for the stations showing significant trends at the 90% confidence level (|Z| ≥ 1.64) is shown in bold. Figure 2(a) shows the positive (negative) number of stations having significant upward (downward) trends in temperature at the 90% confidence level for all annual and monthly time scales. It was observed that 84% to 12% (8% to 0%) of stations show a significant increasing (decreasing) trend, depending on approach type, at the annual time scale. At the monthly time scale, the number of stations showing positive significant trends for all months have a reduction in trend (from MK1 to MK4 approaches). For example, in March and October, the reduction is from 10 to 2 and 21 to 2, respectively. The number of stations showing trends for temperature in some months remains unchanged from MK1 to MK2.
Figure 2(b) shows the raingauge stations in the basin having significant upward and downward trends. A comparison of the results shows that, of the 35 stations, the number of stations having significant positive and negative precipitation trends is 10 for MK1, 11 for MK2, four for MK3 and none for MK4 at the annual time scale. At monthly time scales, the results of different approaches for all months are not similar.
Trends of the time series for streamflow gauging stations are shown in Fig. 2(c) . Drastic negative trends (reduction of inflows) were estimated for these stations varying from 12% (for MK1) to 68% (for MK3) at the annual time scale. At the monthly time scale, for all months except September and October, the MK2 approach detected more stations with a negative significant trend.
Spatial distribution of trends and Hurst exponent in hydroclimatic variables in the ULB
The spatial distribution of trends for annual temperature using the four described approaches is shown in Fig. 3 . As is clear from Fig. 3 , both positive and negative significant trends (at 10% level) were observed in temperature stations over the ULB. The figure shows the direction of annual temperature trends throughout the basin. As expected, most of the basin experienced increasing temperatures using the MK1 and MK2 approaches. Temperature showed a significant decreasing trend in only two small parts of the western (Urmia station) and southern (Saghez station) basin. However, no trend is found over almost all of the basin using the MK3 and MK4 tests. Figure 4 (a) also reveals downward trends for four precipitation stations in the western part and one in the eastern part of the basin, and positive trends for five stations located in the western and eastern parts of basin. However, there is no significant trend in most areas (25 out of 35 stations) and these regions are the main productive agricultural regions of the ULB. Moreover, for MK2 to MK4 approaches, no trend increases were found (Fig. 4(b)-(d) ).
The spatial distribution of streamflow trends using the four MK approaches can be seen in Fig. 5 . Negative significant trends were found in the northwestern, southern and eastern parts of the ULB using the MK1 approach (Fig. 5(a) ). The downstream sub-basins show more significant non-stationary and negative trends (17 out of 35 stations). Most of these regions are agricultural regions and this reflects the effect of human interferences and the growing exploitation of the upper sub-basins. When the MK2, MK3 and MK4 approaches are applied, the number of stations showing negative significant trends is reduced in eastern and western parts of the basin and the stations show no increasing trend (Fig. 5(b) , (c), (d), respectively).
As mentioned above, the Hurst exponent is a factor that influences the identification of trends (LTP approach) in hydroclimatic time series. Figure 6 shows the spatial distribution of stations that present the existence of long-term persistence of annual hydroclimatic time series in the ULB. It can be seen that all the stations' temperature, precipitation and streamflow time series have a Hurst exponent of between 0.5 and 1.
Relationship between streamflow, precipitation and temperature trends
There is no doubt that streamflow trends are related to trends in climatic variables (temperature and precipitation). In order to investigate this relationship, the Mann-Kendall analysis was applied to analyse the annual streamflow data at 35 streamgauge stations and the climate variables at the associated climate stations using all of the four tests (MK1-MK4). Spatial distribution plots (Figs 3, 4, 5 ) of the hydroclimatic stations show increasing trends of temperature (consequently, evapotranspiration trend increases) in the all regions of the basin using the MK1 test. However, many areas that show increasing trends in precipitation do not show increasing trends in streamflow. In addition, areas that show decreasing trends in streamflow do not exhibit decreasing trends in precipitation. Furthermore, according to the spatial distribution plot, unlike streamflow (decreasing) trends, precipitation trends do not show sensible changes over the ULB (Fig. 4) . In the case of the MK2 test, the results of trends of hydroclimatic variables are almost similar to those of the MK1 test, but for the MK3 and MK4 tests, none of the stations show any trend for hydroclimatic variables (no trend).
Since streamflow is correlated with climatic variables, we used correlation analysis in an attempt to examine whether a Correlation coefficients (r) between annual streamflow and precipitation ranged from 0.11 to 0.68 (Table 4) , with 12 out of 17 stations showing significant correlation, while for temperature all 17 stations exhibited significant correlation (r Table 1 ). Table 1 ).
from −0.31 to −0.64), indicating that annual streamflow and temperature are well correlated. Comparably, precipitation is not completely associated with streamflow (Table 4) , although the correlation coefficients of most stations shows positive values. Furthermore, the area showing decreasing trends in streamflow did not exhibit decreasing trend in precipitation. The presence of high correlations at the annual scale is in agreements with similar studies in other basins (Zhao et al. 2010 , Masih et al. 2011 .
Discussion and conclusions
In the present study, the trends in hydrological and climatic variables over the Urmia Lake basin from 95 gauging stations were analysed using four versions of the Mann-Kendall trend test on monthly and annual time scales. The effects of shortterm and long-term persistence, and the Hurst coefficient, on detection of the trends were examined. The correlation analysis between streamflow and climatic variables was conducted by MK and Pearson tests. The results indicate that increasing trends in temperature and decreasing trends in streamflow are observable in all months. In the case of precipitation, decreasing trends are more pronounced in four months of the year (March-June), which corresponds with the spring season in Iran.
Comparison of four different MK tests shows that the identification of trends in hydroclimatic variables was affected by the TFPW, ESS and LTP approaches. For example, the number of stations that show increasing or decreasing significant trends in temperature, precipitation and annual streamflow is reduced when the LTP approach is incorporated (Fig. 2) . Similarly, for these variables, trends are not affected by the short-term (TFPW approach) and long-term serial correlation (LTP approach) structure in some monthly data. Notably, the number of statistically significant trends decreased on using the MK4 test instead of the MK1 test at all time scales, indicating that most of the absolute values of Z statistic are reduced on removing the effect of the Hurst coefficient from the hydrological and climatic data. This is also true, to some degree, for the MK2 and MK3 tests. These findings of our research are in accordance with the study by Dinpashoh et al. (2014) and confirm it.
Overall, it is found that consideration of only lag-1 autocorrelation (for MK2) is not sufficient to remove all significant serial correlation in the data series. A plot of autocorrelation coefficient vs lag (Fig. 7(a) ) for one of the precipitation stations shows that the data are correlated for up to eight lags. Yet for another station, the correlation structure is entirely different (Fig. 7(b) ). It is possible that the dataset used in Fig. 7(b) is periodic or pseudo-periodic, which needs special treatment in trend analysis, but this issue is not investigated in this study.
The trends in annual and monthly hydroclimatic variables are most affected by LTP. Therefore, the extent of this effect is variable among different sites. For instance, the precipitation station Vanyar (#3 in Table 1 ) with 36 years of data does not Table 1 ).
show any change in trend results when LTP is incorporated, but another nearby station with the same record length (#2: Saransar station) shows 50% reduction in the MK Z value. Some of the several possible reasons for LTP behaviour in the hydroclimatic data series, such as solar forcing and volcanic activity (natural variability factors), are cited in study of Koutsoyiannis and Montanari (2007) . But in this study, it is possible that human-induced local factors are also playing a role in the trend behaviour, especially for discharge data.
Based on the original MK test that estimates the trends of hydroclimatic variables using recorded data, temperature at the annual time scale generally exhibited an upward trend in different locations of the ULB. According to the study by Dinpashoh et al. (2011) , this implies that crop water requirements for production of various crops in this area will increase in view of increases in temperature and, consequently, increases in evapotranspiration. A large portion of spring rainfall (March-June) in this region, originates from the Mediterranean system in the west, which supplies crop water requirements. However, this study showed a significant decreasing trend in spring rainfall (Fig. 2(b) ). Studies by Ghahraman and Taghvaeian (2008) , as well as Dinpashoh et al. (2014) , showed a significant decreasing trend in annual precipitation over the northwest of Iran (ULB location) using linear regression and MK methods. Therefore, the findings of their studies confirm the results of our work. Such a decrease in precipitation and increase in temperature may have a serious adverse effect on food production, especially in the ULB dry farms. Hassanzadeh et al. (2012) also reported subsequently that another consequence of this event from a hydrological point of view is reduction of surface and subsurface flows in the ULB. So these changes in hydroclimate variables have caused a drawdown trend in the water level of Lake Urmia. For the monthly time scale, the temperature in the ULB exhibited both upward and downward trends at different stations and for different months. Increasing trends in monthly temperature (Fig. 2(a) ) in the ULB during spring months may lead to increases in evapotranspiration and, consequently, in the water demand for the growth of crops. However, monthly precipitation trends in these months in the ULB revealed that these series showed decreasing trends. In addition, more evapotranspiration could occur due to higher temperatures, thus reducing surface water and consequently streamflow. Dinpashoh et al. (2014) also described decreasing trends in spring precipitation over the northwest of Iran and their results are in accordance with our study. Streamflow is known to reflect an integrated response of the entire river basin where rainfall serves as one of the major inputs into the runoff processes. However, other activities occurring within the catchment, e.g. river water abstractions for agricultural purposes during the dry periods, could result in reduced streamflow amounts and a study by Hassanzadeh et al. (2012) confirms this. Fathian et al. (2014) studied the spatial distribution of significant trends in streamflow and revealed that the downstream sub-basins face decreasing trends (a decrease in water flowing into the system and an increase in over-exploitation of the upper catchments). Therefore, it seems that these changes would lead to decreases in vegetation and crop production in this area. Ultimately, it may lead to the adverse effect on the agricultural economy of the ULB.
In exploiting the relationship between observed streamflow trends and changes in climatic variables (temperature and precipitation), the results show a correlation between them. These relationships may not completely explain the variability in streamflow caused by the changes in other catchment properties. The presence of high correlations at annual scales is in agreement with similar studies in other basins (Zhao et al. 2010 , Masih et al. 2011 . The results of this study also confirm the results of Fathian et al. (2014) , who showed the trends and change points of the streamflow could be compared with the dates of exploitation from the dams/reservoirs in the basin.
In summary, it can be concluded that this study provides a detailed view of past hydroclimatic trends in the ULB which should be useful for further research. For instance, by incorporating TFPW, ESS and LTP approaches in this study, we have provided better information on the number of stations showing significant hydroclimatic data trends in the ULB. More importantly, this study provides a basis for additional research that can address the effects of regional activities. This study can also help the authorities in irrigation planning to adopt some suitable policy for the future development of agriculture and water resources in the ULB.
